Objective: This purpose of this study was to describe and demonstrate CrossCheck, a multimodal data collection system designed to aid in continuous remote monitoring and identification of subjective and objective indicators of psychotic relapse. Method: Individuals with schizophrenia-spectrum disorders received a smartphone with the monitoring system installed along with unlimited data plan for 12 months. Participants were instructed to carry the device with them and to complete brief self-reports multiple times a week. Multimodal behavioral sensing (i.e., physical activity, geospatials activity, speech frequency, and duration) and device use data (i.e., call and text activity, app use) were captured automatically. Five individuals who experienced psychiatric hospitalization were selected and described for instructive purposes. Results: Participants had unique digital indicators of their psychotic relapse. For some, self-reports provided clear and potentially actionable description of symptom exacerbation prior to hospitalization. Others had behavioral sensing data trends (e.g., shifts in geolocation patterns, declines in physical activity) or device use patterns (e.g., increased nighttime app use, discontinuation of all smartphone use) that reflected the changes they experienced more effectively. Conclusion: Advancements in mobile technology are enabling collection of an abundance of information that until recently was largely inaccessible to clinical research and practice. However, remote monitoring and relapse detection is in its nascence. Development and evaluation of innovative data management, modeling, and signal-detection techniques that can identify changes within an individual over time (i.e., unique relapse signatures) will be essential if we are to capitalize on these data to improve treatment and prevention.
The terms used to describe people with schizophrenia reflect our broad misconceptions about psychotic illness; phrases like "he's delusional" or "she hears voices" suggest a stable and unchanging condition (Corrigan et al., 2000) . However, longitudinal research has shown that psychosis is seldom a fixed or constant state. Even in the context of a severe mental illness like schizophrenia, the frequency, severity, and effect of psychotic symptoms may vary within individual over the span of months, weeks, or even days (Ben-Zeev et al., 2012; Oorschot et al., 2012) . Psychosis in schizophrenia may be affected by both external conditions (e.g., location, social environment) and internal states (e.g., affective states, fatigue, substance-induced intoxication; Ben-Zeev et al., 2011; Freeman et al., 2015; . Clinically, people with schizophrenia vacillate between periods of full or partial remission and episodes of symptom exacerbation and psychotic relapse (Strauss et al., 2010) . Psychotic relapses are associated with severe problems including homelessness, violent behavior, incarceration, self-injury, and suicide (Coid et al., 2016; Hawthorne et al., 2012; Hor & Taylor, 2010; Koyanagi, Stickley, & Haro, 2015) . Relapses are also a major driver of expensive health care costs including emergency services and psychiatric hospitalizations (Ascher-Svanum et al., 2010; Sun et al., 2007) .
Psychotic relapse may be preceded by early warning signs including changes in one's energy level, cognition, social functioning, psychomotor and physical activity, perception, and sleep patterns (Birchwood et al., 2000; Gleeson et al., 2005; Spaniel et al., 2016) . Time-sensitive detection of these changes would be highly beneficial, as evidence from randomized controlled trials suggests that even after the onset of early warning signs, illness management and pharmacological treatments can be deployed in time to prevent full psychotic relapses and hospitalization (Morriss et al., 2013) .
Clinical evaluation approaches such as interviews or comprehensive assessment batteries do not allow for continuous and sensitive monitoring of gradually emerging warning signs. Pragmatically, they are costly, require highly trained professionals, and are time, resource, and labor intensive. Furthermore, they require direct contact for administration, which is dependent on clinic office hours and patients' motivation and ability to ambulate to in-person meetings. Conceptually, these methods rely on individuals' capacity to accurately recall their symptoms and psychotic experiences retrospectively, a task that is challenging for nonclinical populations and may be especially difficult for people with psychiatric disabilities or cognitive impairment. Given that clinical assessments are typically conducted at treatment facilities, individuals may also intentionally underreport (e.g., to avoid treatments, stigma, embarrassment) or hyperendorse (e.g., to receive benefits, faster care, "white coat" effects) symptoms or behavioral problems. Therefore, the information gathered from patients in these settings may not be representative of their actual experience in their real-world environments; that is, they have limited ecological validity (Trull & Ebner-Priemer, 2013) . Finally, the information yielded from existing clinical evaluation approaches serves as a periodic "snapshot" rather than a time-varying record of one's behavior and functioning. These data offer little for sensitive detection of risk patterns that may emerge within individuals longitudinally. In the context of these practical and methodological barriers, it is not surprising that clinicians and health care systems are often left to contend with the devastating outcomes of psychotic relapses only after the fact rather than when early warning signs appeared.
With these challenges in mind, our multidisciplinary team set out to develop a novel technology-assisted paradigm for monitoring and detection of early-warning signs that could capture multidimensional indicators of one's clinical status and functioning, as they occur in real time and in real-world environments. To do so, we harnessed cutting-edge smartphone and sensor technology to develop CrossCheck, a multimodal data collection and reporting system designed to aid in remote monitoring and identification of behavioral changes, symptom exacerbation, and possible increase in risk for relapse in people with schizophrenia.
This article provides an overview of the CrossCheck system and describes several scenarios in which different mobile data elements (i.e., self-report, behavioral sensing, device use over time) showed promise in signal detection and identification of early warning signs of subsequent psychotic relapse. Participants were drawn from an ongoing study involving a year-long deployment of CrossCheck among individuals with schizophrenia who are at increased risk for relapse. The objective of the article is to introduce readers to a new approach for continuous remote monitoring and to stimulate discussion about the potential of using ubiquitous smartphone technology to support individualized relapse detection and prevention. For people living with serious mental illness, hospitalizations are often demoralizing, disempowering, and traumatizing (Cohen, 1994; Frueh et al., 2005; Morrison, Frame, & Larkin, 2003) . They affect one's sense of self and confidence (Roe, 2005) . Hospitalizations take people away from their families, communities, and work. For many, staying healthy, autonomous, and out of the hospital is a primary recovery goal (Liberman & Kopelowicz, 2005; Mueser et al., 2006) . Thus, providing individuals with empowering tools to gain mastery over their symptoms and relapses through self-monitoring and self-reporting information is consistent with the principles of psychiatric rehabilitation and recovery.
Method
This study was approved by the Committee for Protection of Human Subjects at Dartmouth College and the institutional review board at North Shore-Long Island Jewish Health System. CrossCheck system development and deployment were supported by the National Institutes of Health's EUREKA (Exceptional Unconventional Research Enabling Knowledge Acceleration) program. The multi-institutional CrossCheck research team is comprised of investigators who bring diverse sets of expertise from clinical psychology and psychiatry, public health, computer science, electrical engineering, biostatistics, and the emerging interdisciplinary field of Mobile Health (mHealth). The program of research involved staged development of a comprehensive smartphone data collection system, iterative laboratory-based system testing and refinement, microtrials with research staff, and brief (i.e., 1 or 2 weeks) usability/feasibility field trials with people with schizophrenia . Once the system was deemed technically reliable and acceptable, the project advanced to year-long deployments of CrossCheck in the context of a randomized controlled trial (RCT) that is currently underway.
Procedure
Participants in the ongoing RCT are recruited from several treatment programs at a large psychiatric hospital in New York. Recruitment flyers are posted at the study site with the research coordinator's phone number for direct contact. On-site research staff members also review the hospital's electronic medical record (EMR) regularly to identify potential participants. Potential candidates are identified and their clinicians are contacted by the investigative team. Clinicians are asked to describe the study to their patients and refer those who provided authorization to be contacted. Candidates receive a detail explanation of the study and description of the CrossCheck system before undergoing eligibility screening. Participants are required to meet the following inclusion criteria: (a) chart diagnosis of schizophrenia, schizoaffective disorder, or psychosis not otherwise specified; (b) 18 years or older; and (c) an inpatient psychiatric hospitalization, daytime psychiatric hospitalization, outpatient crisis management, or short-term psychiatric hospital emergency room visit within 12 months. Individuals are excluded if they (a) have hearing, vision, or motor impairment that makes it impossible to operate a smartphone (determined using a demonstration smartphone for screening); (b) have a reading level below the 6th grade (determined using the reading section of the Wide Range Achievement Test, 4th ed.); and (c) are unable to provide informed consent (pass a competency screener). After completion of informed consent, participants are then asked to complete a demographic questionnaire and undergo a comprehensive baseline assessment of symptoms and functioning. Participants are then randomized to receive either the CrossCheck system in addition to their standard care or treatment as This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
usual. All participants are asked to return at 3, 6, 9, and 12 months for administration of an in-person assessment battery comprised of semistructured clinical interviews and questionnaires. Research staff review participants' EMR data at these intervals and document events that may reflect relapses, including emergency room visits for psychiatric reasons or psychiatric hospitalization. Participants allocated to the CrossCheck arm receive a Samsung Galaxy S5 Android smartphone with the monitoring system installed, along with unlimited data/call/text plan for 12 months. If participants already own a mobile phone, research staff members offer to migrate participants' personal phone numbers and contacts to the study smartphone so that it can be used as their primary device. Once they receive a study smartphone, participants are asked to carry it with them as they go about their day and to charge it in the room with them as they sleep.
Description of the CrossCheck System
CrossCheck administers Ecological Momentary Assessment digital self-report questionnaires for "active" assessment (i.e., the participant is active in that they are asked to respond to questions administered on the smartphone touchscreen). The system also collects multimodal behavioral sensing and device use data continuously (see Figure 1 ). These forms of data collection are "passive"; that is, CrossCheck stores and classifies data with no prompting, indication, or response burden placed on the user. While passive data collection is invisible, it is not covert; participants receive complete explanation of all CrossCheck monitoring functions during the informed consent process and are encouraged to contact research staff throughout their participation if they have any questions or concerns. Research staff encourage participants to carry the smartphone with them throughout the day to ensure the system collects valid data continuously. Study staff also call participants if it appears that there is a problem with passive data collection (e.g., location services have been deactivated, battery is not being charged) or data integrity (accelerometers suggest the device is perpetually stationary indicating the participant is not taking it with them).
Ecological momentary assessment (EMA).
The smartphone software administers a 10-item self-report measure every Monday, Wednesday, and Friday. The user interface is simple and intuitive. Each question appears on a single screen with touchscreen response buttons underneath. Response options range from 0 (not at all) to 3 (extremely). Once a user selects and taps on a response, the answer is recorded and the next question appears on a new screen. Questions are framed as single sentences with the key word in each question written in capital letters to draw the user's attention to the most relevant word quickly (Ben-Zeev et al., 2012) . The measure focuses on symptoms of psychosis (e.g., hallucinations, persecutory ideation), general mental health (e.g., stress, depression, hopefulness, calmness, clarity of thought), and functioning (e.g., socialization, sleep; see Table 1 for the complete list of questions). Items can be used as individual indicators or tallied as a single composite score which ranges from (Ϫ15 to ϩ15). A lower composite score indicates higher risk, as it suggests greater severity of symptoms and poorer functioning (e.g., more hallucinations, reduced ability to think clearly, fewer social interactions).
Behavioral sensing. Physical activity. Multiaxial accelerometers embedded in the device combined with Google Activity Recognition Application Programming Interface are used to determine whether the user is on foot, sedentary, in a vehicle, on a bicycle, or unknown. Data are collected continuously. CrossCheck generates an activity rating every 10 s when the user is moving, or every 30 min if the device is stationary (i.e., labeled as sedentary). The system computes the duration of stationary versus active periods for each day.
Geospatial activity. The embedded Global Positioning System (GPS), WiFi, and cellular tower location services provide an optimized location estimate. Receivers are activated every 10 min. GPS calculates the participants' location using signals sent by satellites. The WiFi and cellular tower receivers on the phone scan access points in its vicinity and record location. GPS and the other localization systems run independently; if GPS-derived location is unavailable, the system uses the secondary indicators as the entry. Once a signal is received, the participant's location is geo/time stamped. The next time the positioning system is activated, it records the participant's location. The system calculates the following set of features derived from the location estimation: distance traveled, standard deviation of distances, duration of time spent at the primary location (i.e., where participants spend most of their time), maximum displacement from the primary location, and location entropy.
Speech frequency and duration. The smartphone microphone is activated every 3 min to capture ambient sound. CrossCheck uses speech detection software to identify periods in which human speech was present. To protect participant privacy, we use a speech detection system that does not record raw audio on the device, but instead, destructively processes the data in real time to extract, classify, and store features that are useful to infer the presence of human speech but not enough to reconstruct conversation content. The data collection software remains active for the time human speech is present, logging start and end times. Speech frequency (i.e., number of individual "events" separated by 5 min or more of no human speech) and speech duration (length in minutes of each individual "event") are calculated and stored continuously.
Device use. Telecommunication. CrossCheck records the number and duration of incoming and outgoing phone calls and number of incoming This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
and outgoing text messages (i.e., Short Message Service, or SMS). In both cases, the spoken content of conversations and written content of text exchanges is not recorded to preserve user privacy. App use. The system records the number of times an individual launched apps (i.e., software applications installed on the smartphone) daily. We calculate the total number of apps used daily and a subtotal for three app categories: social media (e.g., Facebook, Twitter, Instagram), activity (e.g., health and fitness, transportation and navigation, finance), and entertainment (e.g., YouTube, Netflix, Games).
Phone unlock. All study smartphones are programmed to lock after 30 s of user inactivity (e.g., typing, scrolling, repositioning). Once locked, the individual needs to type in his or her code on the touchscreen to unlock the device and access the smartphone features (e.g., emergency 911 calls are the only function that is accessible when the device is locked). CrossCheck records the number of times the device is unlocked and the total duration of unlocked time per day. Periods in which the smartphone is "unlocked" indicate that the participant is actively using smartphone functions of one kind or another.
Data transmission and review. All data are temporarily stored on the smartphone and are uploaded automatically via Internet connection to a remote secure study server when participants recharge the smartphone battery. Once data are received they are processed and added to the individual's existing data set. Incoming data are summarized in the form of an automated digital daily report that is sent to the investigative team for regular quality checks and ongoing review of individual participant's clinical status. Checks were performed weekly to identify problems including the inspection of long intervals of missing or invariant data which may be a product of sensor malfunctions, data upload or transmission failures, or user disengagement. If cases were identified, the research team would then contact participants to inquire if there were any technical issues experienced (e.g., GPS deactivated, microphone malfunctioned, lost phone, uninstalled app, malfunctioning charging cable) and would provide support as needed (e.g., replacement of hardware, reinstallation of software). In order to be comparable between days, sensor data on a given day are excluded if the sensor was active for fewer than 19 hr during the day (e.g., device was off, GPS disabled, microphone used for other applications). Thus, the availability of sensor feature data varies by individual and by feature. We present sensor data as daily aggregated values, and available data percentages are reported for each sensor feature.
Clinical experts on the research team evaluate the content of participants' responses to EMA items and sensor-indicated patterns. In the earlier stages of this ongoing study, if individuals demonstrated worrying patterns over several reports (e.g., self-reported worsening of symptoms, not leaving their primary location for days at a time, longer periods away from human speech), they were placed on a watch list which three members of the investigative team monitored closely and discussed as part of a weekly clinical meeting that was designed to determine whether there was a need to reach out to them, their providers, or both. As more data from participants accumulated over the course of the study, this process became automated. If individuals have a risk score that exceeds a predetermined threshold, the study clinical team reaches out to them directly for a phone check-in. Based on the outcome of their conversation, the investigators decide whether there is a need to contact their outpatient providers to trigger more intensive outreach and services.
Selection of Participants
For this article, we inspected visualizations of the EMA responses and several features of the sensor stream data from participants who experienced a hospitalization. Five participant data sets were selected based on their ability to demonstrate the wide range of possibilities for detecting relapse events using CrossCheck.
Results
Five participant data sets were curated from the CrossCheck arm of the study for instructive purposes. These individuals were selected because they experienced psychiatric hospitalizations during the study period (i.e., an objective indicator of relapse) and their smartphone data were viewed by our research team as particularly useful for demonstrating different patterns and considerations for preliminary modeling and data interpretation. Hospitalization periods are used as reference points and are represented in all figures by blue (gray in print version) shading. Gaps in data following hospitalization represent the periods that participants were staying at inpatient units where the use of smartphones was prohibited or where sensor data were poor or not provided by the participant (e.g., turned location services off). Multimodal data collection resumed when participants were discharged and started using the study device again.
Participant 1: Self-Reported Symptom Exacerbation and Decline in Functioning Prior to Relapse
Participant 1 is a 32-year-old multiracial Hispanic female with a diagnosis of schizoaffective disorder who was enrolled in the CrossCheck arm for 243 days before being hospitalized for exacerbation of psychotic symptoms, conflicts at work/socially, and feeling unsafe at home as she had active suicidal ideation. She reported feeling bullied by her neighbors and thought that they were trying to force her out of her current job. She said she could hear them talking about her through the walls of her apartment. Once hospitalized, she reported hearing clinical staff talk about her through the walls. She later acknowledged the voices were not real.
Following a hospitalization of 5 days, she was discharged. Figure 2 shows the trajectory of her self-reported EMA composite score (lower scores indicate poorer functioning). EMA data were available approximately 84% of days (out of possible 3 days per week administered throughout their participation). The data suggest an initial gradual decline in EMA score spanning approximately 100 days, improvement and stabilization for approximately 80 days, followed by a sharp decline in EMA scores over the course of 2.5 weeks before hospitalization (all EMA composite scores below zero). Following discharge, the participant reengaged in mobile self-monitoring. While there was on overall trend of self-reported improvement following discharge, notably almost all EMA scores remained below zero for approximately 50 days.
Participant 2: No Change in Self-Report but Major Change in Sensor Data Prior to Relapse
Participant 2 is a 35-year-old African American female with a diagnosis of schizoaffective disorder who was hospitalized after 259 days of CrossCheck data collection following worsening depression, paranoia, and nonadherence to her treatment regimen (gleaned from clinic notes). She reported believing that people were following her with the intent of harming her and her family members prior to hospitalization. The participant believed people planted cameras in her environment and were poisoning her food so she stopped eating and drinking, leading to considerable weight loss. The participant reported she had stopped taking her medication 3 weeks prior to relapse, but could not explain why.
The participant's EMA scores do not vary much prior to relapse and there were no self-reported changes in her clinical status or behavior (EMA available approximately 89% of the days administered; Figure 3a) . However, passively collected geospatial data recorded for this period indicate major behavioral changes. Figure  3b shows that during the first 220 days of monitoring, most days the participant spent a substantial portion of her time (average 12 hr per day) in a single location (identified as "primary" by the CrossCheck system; location data were available for 40% of days). Approximately 40 days prior to hospitalization the participant ceases (in all but 1 day) to spend any time at the primary location. The juxtaposition of EMA and behavioral sensing data demonstrates that while self-report may be sufficient and appropriate for remote monitoring of clinical status in some (e.g., Participant 1), it is less useful for others. For individuals who do not articulate changes via self-report, additional data sources may be necessary and potentially more fruitful for identification of meaningful changes.
It is possible that this participant may have been less invested in reflecting about her condition during self-assessments. She may have had poor insight into her illness or limited awareness of changes in her status as they occurred. It is also possible that the items in the EMA Questionnaire were not well suited for her specific symptom manifestation. However, based on her recollec- This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
tions of the period preceding her relapse, a more likely explanation is that in the context of her intensified persecutory ideation, this participant may have been apprehensive about openly reporting changes in her thinking, functioning, and behavior.
Participant 3: Self-Report and Sensor Indicators Prior to Relapse
Participant 3 is a 19-year-old African American male with a diagnosis of schizoaffective disorder who was hospitalized after 125 days of CrossCheck monitoring following an episode of substance abuse and intense religious delusions and hallucinations. The participant reported seeing a sprit who instructed him to threaten his sister (who is of a different religion which he believed to be evil) and to destroy her possessions. He set fire to her dolls and threatened her with a knife.
The participant's EMA data suggest a deterioration in his clinical status prior to hospitalization (Figure 4a ). The participant reports doing well at the beginning of the data collection period (maximum EMA score ϭ 15), but then experienced a significant decline over the course of 3 months (minimum EMA score ϭ Ϫ15). EMA data were available for approximately 91% of days administered. Sensor data show a decline in both speech frequency and duration over the course of approximately 50 days, an increase over 70 days, followed by a salient upswing in speech duration and frequency in the final week prior to hospitalization (Figures 4b and 4c) . Audio sensor data were available for 87% of days.
It is possible that when this participant initially experienced deterioration he withdrew from others, but when his symptoms became worse he engaged more (e.g., more agitated, confrontational, threating interactions). Given that the CrossCheck speech detection system does not distinguish between the primary user's voice and those in their immediate vicinity, we cannot conclude that the individual was not alone; it is possible that the increase in speech frequency and duration prior to hospitalization reflects an increase in the participants' vocal response (captured by the microphone) to the hallucinated "spirit." This interpretation is further supported by the fact that the participant's EMA scores suggest an increase in the frequency of hallucinations during the final weeks before hospitalization.
Participant 4: Self-Report, Sensor Data, and Device Use Indicators Prior to Relapse
Participant 4 is a 27-year-old White female with a diagnosis of psychosis not otherwise specified who reported multiple hospitalizations over the course of 3 months. The first hospitalization did not take place at the primary study site and the participant's self-report could not be corroborated with EMR data (depicted in Figure 5 with hatched lines). Following discharge, the participant reported losing her study smartphone. She was then hospitalized a This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
second time for 7 days at the primary study site. Following discharge she received a replacement device by on-site study staff but was hospitalized the very next day for an additional 9 days at the primary study site (corroborated by EMR notes). Following discharge, she reengaged in the study briefly, but was hospitalized a fourth time for 7 days at the primary study site. The participant described feeling "possessed" and "cursed" during this tumultuous period. She reported believing she had telepathic abilities and feeling convinced that others could implant and extract her thoughts. The participant stated that she stopped taking her medications for a while because she thought prayer was sufficient to help ward off spirits. The participant's EMA data show a self-reported symptomatic and functional deterioration over the first 40 days using CrossCheck (Figure 5a ). EMA data were available for approximately 70% of the days administered. Sensor data also suggested declines in physical activity (64% available), geospatial activity (75% available), and speech frequency and duration (60% available). Most striking, however, is this participant's device use pattern (available 74% of days). Four days before her first hospitalization, the participant stopped using the device altogether and all forms of data upload desist. From a remote monitoring perspective, the participant "goes dark" (Figure 5b ). Following her first discharge, she remains unmonitored because she lost the device and did not receive a replacement smartphone for several weeks following her second discharge. She then used CrossCheck for only 1 day (Figures 5a and 5b ) but was hospitalized a third time, and once again "goes dark." Following her third discharge, she reengages in the study and "reappears" for several days. CrossCheck data upload is ended abruptly with her fourth hospitalization. Following her final discharge, the participant immediately resumed CrossCheck use; data were uploaded continuously and the participant remained out of the hospital (see Figure 5 ). This participant demonstrates that in some instances, the participant's willingness and ability to maintain remote monitoring may also convey important information about her clinical status.
Participant 5: Atypical Device Use Prior to Relapse
Participant 5 is a 19-year-old female Hispanic American Indian with a diagnosis of schizophrenia who was hospitalized after 190 days of CrossCheck data collection following worsening depression, poor sleep, and homicidal ideation in the context of nonadherence with her medication regimen. The participant was admitted following an outpatient therapy session in which she described thinking about killing a young child and a dog.
CrossCheck EMA measures are administered during daytime hours so as not to disturb participants' sleep. However, sensor and device use data are collected continuously, giving us unique observations of the nighttime hours that would otherwise be inaccessible. Examining data collected during different times of the day can shed light on individuals' sleep/wake/activity schedules. Figure 6b depicts device "unlock duration" between midnight and 6 a.m. (device use data were available for 93% of days, and approximately 91% available for EMA). Unlocking the device precedes intentional smartphone use by the participant (e.g., online searches, watching video, playing games). For the first 150 days of her participation in monitoring, the participant's' device was typically locked during these nighttime hours. Approximately 60 days before her hospitalization, we see an increase in device "unlock duration" after midnight, signaling device use during this time. Comparatively, device use data for the day did not change markedly during this time (Figure 6c) .
Combined, these patterns suggest a behavioral change; the participant was more active at night prior to her relapse. Following her discharge from the hospital, the participant resumed participation in the study and nighttime activity dropped.
Discussion
Worldwide, the majority of people with psychotic disorders now own mobile phones, and many are open to using them as instruments that support mHealth approaches that can improve their well-being, illness management, and recovery (Firth et al., 2016) . This article describes CrossCheck-a novel smartphone data col- This document is copyrighted by the American Psychological Association or one of its allied publishers.
lection system that combines active self-reporting and passive behavioral sensing as a method for remote monitoring of people with psychosis. To our knowledge, the 12-month data collection period described in this article constitutes the longest reported deployment of an mHealth smartphone app among people with psychosis to date. Furthermore, this article is also the first to report on preliminary attempts to explore the relationships between smartphonecaptured within-person behavioral patterns and psychotic relapse events (Firth & Torous, 2015) .
Our preliminary findings point to several directions. First, it is apparent that some people with psychosis are willing and able to engage in multimodal illness monitoring using smartphones for extended periods of time (up to a year). Not all participants in the ongoing CrossCheck study complete a full year of data collection, adhere to the study protocol (i.e., carry the smartphone with them, charge the battery, complete self-reports regularly), or experience hospitalizations. Participants were selected for this article because they were hospitalized and had data sets which were useful in demonstrating different applications of the CrossCheck system. It was striking to see that these individuals continued to use the smartphone and generate informative and potentially actionable data even as their clinical status was deteriorating. Moreover, once discharged from the hospital, they resumed their use of the smartphone and reengaged with illness monitoring. These early findings bode well for the acceptability and feasibility of CrossCheck and similar mobile systems among some people with severe psychiatric disabilities.
Second, while it is already known that there is tremendous biological, behavioral, and clinical heterogeneity in people with schizophrenia-spectrum disorders (Carpenter & Kirkpatrick, 1988; Tsuang & Faraone, 1995; Joyce et al., 2005; Pulver et al., 2000) this study demonstrates that there is also significant heterogeneity in the digital traces of their psychotic relapses. In some, selfreported digital ratings painted a clear and potentially actionable picture. In others, passively sensed and device use data were more useful in identifying changes in their behavior and functioning. Participants had unique daily data values (e.g., minutes proximal to human speech) and data trends (e.g., increase vs. decrease in daily exposure to human speech over several weeks) before hospitalization. It is likely that there are different relapse-related patterns across individuals. Longitudinal examination of whether mobile data trends that were present before one relapse reappear before subsequent relapses will help illuminate whether some people have consistent digital relapse signatures. For individuals with recurring patterns, time-sensitive notifications and prompts to the user, the clinical team, or both when the data suggest these patterns are reemerging may have clinical utility.
The potential of leveraging integrated mobile data collection to improve detection, treatment, prevention, and rehabilitation is exciting but this novel field is not without its unique challenges. The validity of sensor data is highly dependent on how people use their This document is copyrighted by the American Psychological Association or one of its allied publishers.
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Limitations
First, the data sets presented in this article were drawn from a study that is still underway. We selected demonstrative cases and decided to report on preliminary findings because of the state of the field; approximately one third of people with schizophrenia already use smartphones that are capable of hosting systems similar to CrossCheck (Firth et al., 2016) and many more are expected to gain access to smartphones in the near future (Ben-Zeev, 2016) . Researchers are actively exploring multimodal smartphone data collection techniques as methods for supporting mental health research and intervention (e.g., Abdullah et al., 2016; FaurholtJepsen et al., 2014; Saeb et al., 2015; Torous et al., 2015) . Insurers, digital health purveyors, and private-sector technology companies have already begun to offer multimodal smartphone monitoring systems to the general population with promises of clinical utility. With this backdrop of heightened activity and rapid commercial development, we thought it would be informative for readers to learn about the current state of the science, as it pertains to illness monitoring of people with schizophrenia-spectrum disorders and identification of psychotic relapse. Second, although participants are instructed not to loan their devices to others, we cannot verify that they were the only individuals who used the smartphone. If someone from their household picked up the device to move it from one room to another, the accelerometers would log this movement even if the device was locked. Thus it is possible that some data are not representative of the intended user's behavior. Finally, sensed data may not always capture the intended construct. For example, the smartphone speech detection system may not be fully capable of distinguishing live human speech from TV-generated audio, making it difficult to determine with complete accuracy whether a participant was actually in a social environment or alone (Ben-Zeev et al., 2015) .
Conclusions and Implications for Practice
Advancements in mobile software and hardware are enabling collection of an abundance of data that until recently were completely inaccessible to clinical research and practice. The current work illustrates the potential of these data to identify patterns in behavior associated with symptomatic decline. As data collection and follow-up for this study concludes, inferential modeling of sensor stream features may allow us to understand critical behavioral patterns that underlie symptomatic decline and clinical relapse events. Future predictive modeling implemented in mHealth applications in real time may be able to assist clinicians in identifying the start of symptom decline and relapse patterns earlier than previously possible. These new sources of information are beginning to enhance our understanding of the dynamic nature of psychosis and the nuanced behavioral manifestations of chronic illness. However, remote monitoring and relapse detection via mobile technology is in its nascence. While these developments in assessment and monitoring technology are exciting, we caution against prematurely concluding that they will lead to substantive improvements in treatment or prevention. The science in this area is evolving and how best to use these data is yet to be determined. Development and evaluation of innovative data management, modeling, and signal-detection techniques that identify changes within an individual over time (i.e., unique digital relapse signatures) will be essential if we are to create opportunities for novel interventions that can capitalize on intensive data influx to improve individual outcomes via context-informed just-in-time mHealth interventions.
